€ t is a time (year) vector for a pooled time series, € Z(s,t) is the vector for computed PRCPTOT 21
value for the data point € s (t 1 +1)+4 n = (x (t 1 +1)+4 n + (n +1)d), y (t 1 +1)+4 n s (t 1 +1)+4 n +1 = (x (t 1 +1)+4 n +1 − (n +1)d), y (t 1 +1)+4 n +1 s (t 1 +1)+4 n +2 = x (t 1 +1)+4 n +2 ,(y (t 1 +1)+4 n +2 + (n +1)d) s (t 1 +1)+4 n +3 = x (t 1 +1)+4 n +3 ,(y (t 1 +1)+4 n +3 − (n +1)d)
.
(1) where temporal variability was examined on a scale analogous to spatial variability. We 14 selected the shift distance as in Eq. (3), but the users can choose any distance that is 15
Spatial shifting of the temporal data points was performed using the R package "spacetime" 18 (Pebesma, 2012). This allows for treating all temporal data points within a pooled time series 19 as spatial points on the same space and thus for simultaneously binning and comparing point 20 pairs from all years (spatial clusters) for a temporally constant spatial-lag. For example, for 21 the pooled series of 1948-1975, point pairs with PRCPTOT observations that are separated by 22 100 km in each of the 25 clusters can be binned and compared simultaneously for a single 23 empirical variogram computation (Figure 2) . Consequently, the number of point pairs for 24 comparison can be substantially increased as they are pooled from 25 clusters (years). 25
Moreover, the point pairs in any cluster that are separated by small spatial lag, i.e. < 30 km in 26 thus uncertainties of short distance variability modeling for the clusters, where point pairs are 1 only separable by larger spatial lags, are reduced. 2 semivariances for each year ( Figure S3 ) and (ii) the number of data points that actually 20 participates in semivariance computation using Eq. (4) is substantially higher for SSTP than 21 AEV as it computes one semivariance for a spatial-lag by comparing point pairs from all 22 years rather than computing yearly semivariances and averaging them ( Figure S3 ). 23
Computation of empirical variograms
The upper and lower boundaries of € s i ,s j were set to the smallest and largest spatial-lags 24 available within the pooled time series, respectively. 25
. (5) 26 These (Eq. 5) were done to reduce the uncertainty of modeling short distant spatial variability 1 for the time steps with large spatial-lags, i.e. by modeling variability for the smallest spatial-2 lag within the time series (described above) and to avoid inclusion of temporal variability as 3 pseudo spatial variability in semivariance computation, i.e. points that are temporally apart 4 are not paired for comparison. 5
In the next step, we checked for anisotropy in the spatial variability of PRCPTOT within the 6 pooled time series. In case that anisotropy was detected, we computed the ratio between the 7 major ( respectively, and they were statistically significant at p <0.01. Therefore, for each of these 27 series null hypothesis was rejected and thus PRCPTOT showed stationarity. Moreover, the 28 number of total data points within the 1948-1975, 1976-1992, 1993-2007 and 1948-2007 29 series met the threshold for reliable variogram estimation (Table 1) . PRCPTOT values did notvary much between the pooled series though the spatial variation of PRCPTOT within the 1 pooled time series were high (CV≥41%) (Table 1, S1) . 2
The distance used for spatial shifting in each of the pooled series was 1111 km (~10 0 ) 3 because the largest spatial-lag available within these series was approximately 550 km (~5 0 ) 4 ( Figure 2, Table 1, S1 ). Thus the shifted peripheral data points of sets from neighboring years 5 showed a distance >550 km, i.e. ≥(1111-550) km (Figure 2) , and thus the spatiotemporal 6 properties of PRCPTOT were preserved, i.e. the data points from a year did not influence data 7 points from other years and temporal autocorrelation was coherent with the spatial 8 autocorrelation of the spatialized point clusters. The smallest spatial-lags available within the 9 three pooled series were similar and allowed for modeling spatial variability of PRCPTOT at 10 ≤29 km (Table 1, S1). 
19
Semivariances computed for small spatial-lags by SSTP and AEV methods were similar 20 whereas semivariances for large spatial-lags were largely different (Figure 3) . Moreover, 21 semivariances computed by AEV showed much more noise at large spatial-lags than small 22 spatial-lags. The number of erratic semivariances averaged by AEV for large spatial-lags were 23 higher than for small spatial lags because point-pairs from more years were separable by large 24 spatial-lags than by small spatial-lags due to data availability (Table S1 ). For example, point 25 pairs from only two years (1973 and 1975) were separable by the smallest spatial-lag for 26
1948-1975 series whereas point pairs from 20 years were separable by the largest spatial-lag 27 (Table S1 ). In addition, the numbers and spatial locations of available data points are highly 28 variable within the pooled series and spatial variability of PRCPTOT was high (Table 1 , S1, 29 Figure S1 ). Hence, we argue that the average semivariances computed by AEV was 30 representative of the small number of semivariances at small spatial-lags but unrepresentative 31 of the large number of semivariances at large spatial-lags because of the variable number and 32 spatial location of data points and high spatial variability of PRCPTOT. As a result, 33
semivariances for large spatial-lags computed by SSTP and AEV could be similar if the numbers 1 and spatial locations of data points were the same for all time steps and spatial variability of 2 PRCPTOT was low (Gräler et al., 2011) . Moreover, for variable number and spatial locations 3 of data points, the noise in the semivariances computed by AEV can be partly reduced if the 4 average of the semivariances per spatial lag is weighted by the corresponding number of data 5 points available per time step (see Figure S4 for details on weighted AEV). (Table S1 ). However, 32
higher PRCPTOT values were observed in the southeast than the northeast of Bangladesh anda high spatial variation (average CV = 42%) was observed for 1948-1975 series ( Figure S1 , 1 Table S1 ). Hence, it can be claimed that the anisotropy, i.e. variability of PRCPTOT was 2 equally strong for 1948-1975 series although not captured due to lower number of spatial 3 points per year. 4
The PTS variograms allowed for modeling spatial variability at ≤29 km distance for all time 5 steps (constant) within the pooled series although the smallest spatial-lags available for many 6 years, e.g. 1948-1950 were much higher (>95 km) ( Table 1, S1 ). Thus, the PTS variograms 7 estimated by SSTP reduce uncertainties for short distant spatial variability modeling for the 8 time steps with large spatial lags. This is done by including point pairs separable by smaller 9 spatial-lags available in any time step in empirical variogram computation. However, the 10 smallest spatial-lag for which spatial variability can be modeled for a pooled series is 11 inherently dependent on the availability of spatial-lags in individual time steps, i.e. at least 12 variograms in modeling time series across space, e.g. estimating time series structure for an 1 ungauged location. Truong, P., Heuvelink, G., Gosling, J.: Web-based tool for expert elicitation of the variogram. Table 1 . Number of data points, smallest and largest spatial-lags, and summary statistics, i.e. 1 minimum (Min.), mean, maximum (Max.) and coefficient of variation (CV) of annual total 2 precipitation in hydrological wet days (PRCPTOT) within the pooled time series. 
